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Abstract

In this papemwe studythe problemof classifyingchemicalcompounddatasetsWe presentanalgorithmthatfirst
minesthe chemicalcompounddataseto discover discriminatingsub-structuresthesediscriminatingsub-structures
areusedasfeaturesto build a powerful classifier The advantageof our classificationtechniqueis thatit requires
very little domainknowledgeand caneasilyhandlelarge chemicaldatasets We evaluatedthe performanceof our
classifieron two widely availablechemicalcompounddatasetandhave foundit to give goodresults.

Keywords: ClassificationGraphs ChemicalStructuresSVM

1 Introduction

Thereis agreatneedto developreliablecomputationatechniquegin silico), basedn classificationthatcanquickly
screerthousandef compoundandidentify thecompoundshatdisplaythe highestievelsof thedesiredoroperty For
example identifying potentiallytoxic compound®r compoundshatcaninhibit the active sitesof virusesin theearly
phaseof drugdiscovery is becominganappealingstratgy with pharmaceuticatompanie$9]. However individually
determiningthe suitability of a chemicalcompoundto a particularbiological stateis not a very viable solution—
mainly for two reasonsFirst, the numberof chemicalcompoundsn therepositoryandthosethatcanbe generatedy
combinatorialchemistryis extremelylarge. Secondexperimentallydeterminingthe suitability of a compoundusing
bio-assaygin vivo) techniquess anexpensve andtime consumingprocess.

One of the key challengesn developing classificationtechniquedor chemicalcompoundsstemsfrom the fact
thattheir propertiesarestronglyrelatedto their chemicalstructure.However, traditionalmachinéearningtechniques
aresuitedto handledatasetsepresentetby multidimensionalectorsor sequencesandcannot handlehe relational
natureof thechemicalstructures.

In recentyearsa numberof techniquesiave beenproposedor classifyingchemicalcompoundsThesetechniques
canbe broadlycateyorizedinto two groups.Thefirst groupconsistof techniqueghatrely mainly on variousglobal
propertiesof the chemicalcompoundssuchasmolecularweight, ionizationpotential,interatomicdistanceetc, for
capturingthe structuralpropertiesof the compounds.Sincethis informationis not relational,existing classification

*This work was supportedby NSF CCR-9972519,EIA-9986042, ACI-9982274,by Army ResearchOffice contract DA/DAAG55-98-1-
0441, by the DOE ASCI program,and by Army High PerformanceComputingResearchCentercontractnumberDAAH04-95-C-0008. Ac-
cessto computingfacilities was provided by AHPCRC, MinnesotaSupercomputemstitute. Relatedpapersare available via WWW at URL:
http://lwww .cs.umn.edu/"kar ypis



techniquesanbeeasilyusedon thesedatasetsHowever, theabsenc®f actualstructuralinformationlimits theaccu-
ragy of suchclassifierd17]. Thesecondyroupof techniqueslirectly analyzethe structureof thechemicalcompounds
to identify patternghatcanbe usedfor classificatior[6, 19, 11, 10, 132]. Oneof the earlieststudiesin discosering
sub-structuresvas carriedout by Dehaspeetal [6], in which Inductive Logic Programming(ILP)}echniquesvere
used thoughthis approachs quite powerful it is notdesignedo scaleto large graphdatabasekencemaynotbeable
to handlelarge chemicalcompounddatabasesA numberof recentapproachefocuseson analyzingthe (geometric)
graphrepresentationf the chemicalcompoundsto identify frequentlyoccurringpatternsandusethesepatternsto
aid in the classification.Wanget al[19] developedan algorithmto find frequentlyoccurringblocksin the geometric
representationf proteinmoleculesand shaved that theseblocks canbe usedfor classification. Inikuchi etal [11]
developedan algorithmto find all frequentlyoccurringinducedsubgraphsand presentedsomeevidencethat such
subgraphsanbeusedto featuredor futureclassification Similarly, Gonzalezt al[10] usedthe SUBDUE[4] system
to find frequentlyoccurringapproximategraphshowever, they reportedno resultregardingthe successf usingthese
subgraphsor classification Finally, Krameretal[13] usedthe SMILES [5] representationf thechemicalcompounds
to find a restrictedsetof molecular fragmentandshoved that even that restrictedset of sub-structuresvasableto
provide somedifferentiationbetweerthevariousclasses.

Our work builds upon the earlier researchon using substructurediscovery methodsto aid in the classification
of chemicalcompoundsand extendsit in two significantdirections. First, it usesthe mostgenericdescriptionof a
substructure—thatf a connectedsubgraphand employs a highly efficient frequentsubgraphdiscovery algorithm
to find the completesetof subgraphghat occurin a non-trivial fraction of the compounds.Second,it usesthese
structurego develop generalpurposeclassifiersusing state-of-the-arinachinelearningtechniquesuchasrulesand
supportvectormachinesKey advantage®f our approactarethatit is generic requiresvery little domainknowledge,
andcaneasilyscaleto extremelylarge datasets.

We evaluatedhe performancef our classificatiorapproachusingtwo publicly availabledatasetsThefirst dataset
was publishedby the National Toxicity Programof the U.S. National Institute for EnvironmentalHealth Sciences,
it containsthe bio-assay®f differentchemicalcompound®n rodentsto studythe carcinogencity(cancerinducing)
of the compounds.The ultimategoal beingto estimatethe carcinogenicityof differentcompoundon humans.The
seconddataseis publishedby the National Cancerinstitute and containsthe resultsof AIDS anti-viral screenthat
was developedto discorer new compoundsapableof inhibiting the HIV virus. The AIDS anti-viral screenusesa
solubleformazanassayto measurehe protectionof humanCEM cellsfrom HIV-1 infection[8]. Thegoalof thefirst
datasets to discover carcinogenicompoundswhereador the seconddatasethe goalis to discorer compoundshat
inhibit the HIV virus.

Our experimentalresultsshoved that our classifieroutperformsthe contestant®f Predictive Toxicology Chal-
lenge[17] on two out of four models,andon the AIDS anti-viral screerdatasethe classifierhasa high true positive
rate.

The restof the paperis organizedasfollows, in Section2 we discusssomebackgrouncon chemicalcompounds
andwe formulatethe chemicalcompounctlassificatiorproblemandpresentheterminology In Section3 we discuss
in the detail the classificationmethodology followed by Section4 that experimentallyevaluatesthe classification
schemesFinally, in Section5 we presenthe conclusionsandfuturework.

2 Problem Formulation & Terminology

Thefocusof thispaperis to developclassificatiortechniqueshatwill correctlyclassifydatasetsonsistingof chemical
compoundsTheinputto this problemis asetof chemicalcompoundsvith known clasdabelsandthegoalis to build a
modelthatcancorrectlypredictthe classe®f previously unclassifiedcompoundsThe meaningof thevariousclasses
is applicationdependent.In someapplications the classeswill capturethe extentto which a particularcompound
is toxic, whereasn otherapplicationsthey may capturethe extentto which a compoundcaninhibit (or enhancen
particularfactorand/oractive site.

In mostapplicationseachof the compoundss assignedo only oneof two classesthatarecommonlyreferredto
asthe positiveandneyativeclass.The positive classcorrespond$o compoundghatexhibit the propertyin question,
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Figure 1: Chemical and Graphical representation of Flucytosine

whereasthe compoundsof the negative classdo not. It is quite expensve andtime consumingto experimentally
determinehe classof the variouscompoundsthus,the developmentof accurateclassificatiortechniquesangreatly
improve the speedandefficiency of the overall process.

Nature of Chemical Datasets A chemicalcompoundconsistsof differentatomsbeingheldtogethervia bonds
adoptinga well-definedgeometricconfiguration Figure1(a) representthe chemicalcompound-lucytosinefrom the
DTP AIDS repository [8] it consistsof acentralbenzeneing andotherelementdike N, O andF.

Therearemary differentwaysto represensuchchemicalcompounds.The simplestrepresentatiois the molec-
ular formula that lists the various moleculesmaking up the compound;the molecularformula for Flucytosineis
CAHAFN3O. A moresophisticatedepresentatioan be achiezed usingthe SMILES [5] representationit not only
representshe atomsbut alsorepresentshe bondsbetweerdifferentatoms. The SMILES representatiofor Flucyto-
sineis Nc1nc( O) ncclF.

In additionto thesetopologicalrepresentationsheactual3D coordinate®f thevariousatomscanalsobesupplied.
However, thesecoordinatesrehardto obtainexperimentallyandin somecasesot feasible ashe actualcompounds
correspondo notyet synthesizedthemicalmolecules For this reasongcoordinatanformationis usuallyobtainedvia
moleculardynamicsimulationghattry to find thelowestenegy conformationandmaybeinaccurate.

Graph Representation of Chemical Compounds  Theactwity of acompoundargelydepend®nits chemical
structure As aresult,effective classificatioralgorithmsmustbe ableto directly take into accounthe structuralnature
of thesedatasets.

In this paper in order to facilitate this requirement,we representachcompoundas undirected(topological)
graphd. The verticesof thesegraphscorrespondo the variousatoms,andthe edgescorrespondo the bondsbe-
tweenthe atoms. Eachone of the verticesand edgesof hasa label associatedvith it. The labelson the vertices
correspondo thetype of atoms,andthelabelsonthe edgesorrespondo thetype of bond. Thegraphrepresentation
of Flucytosineis shavn in Figure1(b).

Formally, atopologicalgraphG = (V, E) is madeof two setsthe setof verticesV andthe setof edgesE. Each
edgeitself is a pair of vertices. Throughoutthis paperwe assumehat the graphis undirected,.e., eachedgeis an
unorderedpair of vertices. Furthermorewe will assumehatthe graphis labeled Thatis, eachvertex andedgehas
alabelassociatedvith it thatis dravn from a predefinedsetof vertex-labels(Ly ) andedge-labelgL g). Eachvertex
(or edge)of the graphis not requiredto have auniquelabelandthe samelabel canbe assignedo mary vertices(or
edges)in the samegraph. For example,in Figure 1 the vertex-label C appeardour timesin the graph. Through-out
the paperwe assumehateachchemicalcompounchasbeentransformednto its topologicalgraphrepresentation.

Also, wewill beusingthe notionsof connectedinduced)sub-graphsvhich arebriefly definedasfollows. Givena
graphG = (V, E), agraphGs = (Vs, Es) will beasubgraphof G if andonly if Vs C V andEgs C E. Also, G will

INotethatfor the purposeof this studywe do not considerary availablegeometridnformation,but we planto exploreits utility in laterstudies.
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be aninducedsubgaphof G if Vs € V and Eg containsall the edgesof E thatconnectverticesin Vs. Anotherway
to sayis thatthe subgraphGs is containedn thegraphG.

3 Classification Methodology

The overall outline of our approachs shown in Figure 2. Initially, eachof the chemicalcompoundss represented
usinga graph(following the modeldescribedn Section2). Then,a frequentsubgraphdiscovery algorithmis used
to mine thesegraphsandfind all subgraphghat occurin a non-trivial fraction of the compounds. Eachof these
subgraphshenbecomes candidatdeature andvariousfeatureselectionalgorithmsareusedto obtaina smallerset
of discriminatoryandnon-redundanteatures.The remainingsubgraph@arethenusedto createa featurespacesuch
that eachof the selectedeaturecorrespondso a dimension,andeachcompounds represente@sa booleanvector
basedon the particularsetof featureg(i.e., subgraphsjhatit contains.Finally, thesefeaturevectorrepresentatioof
thechemicalcompoundsresuppliedinto the classifierto learnthe appropriateclassificatiormodel.

Ourapproactsharesomeof thecharacteristicgvith earlierapproachefor chemicalcompoundlassificatiorbased
on substructuraliscovery [19, 2], but it hasa numberof inherentadvantages First, unlike previous approacheshat
usedrestricteddefinitionsof what constitutesa substructurde.g., inducedsubgraphs[11], or blocks [19]), we use
themostgenericmodelpossiblethatof connectedubgraphsMoreover, unlike theapproachebasedn approximate
matching[4], the structurediscovery algorithmthatwe useis guaranteedo find all subgraphghat satisfythe user
suppliedminimum supportconstraint. Consequentlyour approachcan be usedto mine chemicalcompoundswith
very little domainknowledge. Second,our approachdecoupleghe processesf featurediscovery from the actual
classificatiorprocessandcanbe usedwith ary existing (andfuture developed)classificatioralgorithm. Third, since
the classifieris built on the transformedeature-spaceahe abose approacttaneasilyincorporatearny additionalnon-
graphicalfeaturesthat may be available for the compoundsuchasmolecularweight, surfacearea,etc, by simply
addingthemasadditionaldimensionsn the feature-space.

In the restof this sectionwe describein detail the approachesind algorithmsthat we usedfor finding frequent
subgraphsndbuilding the classificationmodels. Due to spaceconstraintsve did notincludeary discussiorabout
featureselection.This taskis to a large extentdomainindependenandthe readershouldreferto [7] for adiscussion
of thevariousoptions.

3.1 Discovery of Frequent Subgraphs

To minethe databas®f chemicalcompoundsnddiscover the sub-structurethatoccurfrequentlyin them,we used
the frequentsubgrapidiscovery algorithm,called FSG, thatwasrecentlydevelopedby memberof our group[14].



FSG takes asnputadatabasé® of graphtransactionshatarespecifiedusingthe graphmodeldescribedn Section2,
andaminimumsupporto, andfindsall connectegubgraphshatoccurin atleasto % of thetransactions.

Therearethreeimportantaspect®f the subgraphsliscoseredby FSG. Thefirst hasto dowith thefactthatwe are
only interestedn subgraphshatareconnectedThis is motivatedby thefactthattheresultingfrequentsubgraphsvill
be encapsulating chemical-substructur@ndconnectvity is a naturalpropertyof suchpatterns Theseconchasto do
with thefactthatasdiscussedn Section2 we uselabeledgraphsandeachgraph(anddiscoveredpattern)cancontain
verticesand/oredgeswith the samelabel. This greatlyincrease®ur modelingability, asit allow us tofind patterns
containingmultiple occurrencesf the sameatom(s)andbond(s).Finally, thethird hasto do with thefactthatwe are
only interestedn subgraphshatoccurin atleasto % of thetransactionsThis ensureghatthe discoreredsubgraphs
arestatisticallysignificantandnot spurious.Furthermorethis minimum supportconstraintalsohelpsin makingthe
problemof frequentsubgraptdiscovery computationallytractable.

FSG's frequentsubgraphdiscovery stratgy usesthe samelevel-by-level approachadoptedin the well-knovn
Apriori [1] algorithmfor finding frequenttemsetsThehighlevel structureof thealgorithmis shavn in Algorithm 3.1.
Edgesn thealgorithmcorrespondo itemsin traditionalfrequentitemsetdiscovery. As theseaprioribasedalgorithms
increasethe size offrequentitemsetsby addinga singleitem at a time, our algorithmincreaseshe size offrequent
subgraphdy addingan edgeone-by-one.FSG initially enumeratesll the frequentsingleanddoubleedgegraphs.
Then,basedn thosetwo sets,jit startsthe maincomputationaloop. During eachiterationit first generatesandidate
subgraphsvhosesizeis greatetthanthe previousfrequentonesby oneedge(Line 5 of Algorithm 3.1). Next, it counts
thefrequeng for eachof thesecandidatesandprunessubgraphshatdo nosatisfythesupportconstrainLines7-11).
Discoveredfrequentsubgraphsatisfy the downward closurepropertyof the supportcondition, which allows us to
effectively prunethelattice of frequentsubgraphs.

Algorithm 3.1 fsg(D, o) (FrequenSubgraph)

1: F1 « detectall frequentl-subgraphin D

2: F2 « detectall frequent2-subgraphin D

3 k<3 i _

4: while k-1 # ¢ do Notation Description

5. CK « fsg-gertFk—1) D A datasebf graphtransactions
6: for each candidategk e CX do t A transactiorof agraphin D

7 gk.count<— 0 k-(sub)graph| A (sub)graptwith k edges

8: for each transactiort € D do k A k-subgraph

9: if candidategK is includedin transactiort then ck A setof candidatesvith k edges
10: gk.count<— gk.count+ 1 Fk A setof frequentk-subgraphs
11: FK <« {gk e ck | gk.countz oD}

12: k<« k+1

13: return F1, F2, .. Fk=2

Detailed experimentalevaluationof FSG presentedn [14] shaved that FSG was able to scaleto large graph
datasetandlow supportvalues.Thekey to FSG’s computationascalabilitylies ona highly efficientgraphcanonical
labelingalgorithmthatit employs, whichallowsit to uniquelyidentify thevariousgeneratedubgraphsvithouthaving
to resortto computationallyexpensve graphand subgraphisomorphism. Furthermore FSG usesa TID-list based
approactfor frequeng countingthatbesidespeedingup the countingof the supportof the varioussubgraphsét can
alsobeusedto computethefeature-basetepresentationf eachcompoundn our classificatiorframework.

Even thoughFSG provides the generalfunctionality requiredto find all frequently occurringsub-structuresn
chemicaldatasetstherearea numberof issueghatneedto be addressetieforeit canbe appliedasa black-boxtools
for featurediscovery in the context of classification.Two of theseissuesareexploredin therestof this section.

Handling Classes of Different Sizes Theonly usersuppliedparametein theFSG algorithmis thevalueof the
minimumsupporto thatis usedto pruneinfrequentpatterns.The overall succes®f the proposedapproacthis highly
dependenbn selectingthe right valuefor this parameter If the minimum supportis settoo low, the computational
compl«ity of the frequentsubgraphdiscorery processwill increasesubstantially(in somecaseshe problemwill
becomeintractable)andwill leadto a large numberof frequentsubgraphs—potentiallgonfusingcertainclassef
classificationalgorithms. On the otherhand,if the minimum supportis settoo high, FSG may unnecessarily prune



somesubgraphshathave gooddiscriminatingability andarecritical for the correctclassificatiorof the dataset.

Thesupportsensitvity becomesvenworsein the casesn which thedatasetontainclasse®f significantlydiffer-
entsizes.In suchcasesin orderto ensurethat FSG is ableto find featureghataremeaningfulfor all the classesit
mustusea supportthatdepend®n the size ofthe smallerclass.Failureto do so,mayleadto a situationin which the
selectedsupportvalueis greaterthanthe size ofthe smallestclass. However, sucha low valueof supportwill most
likely generate lot of poorsubgraphdgor thelargestclasses.

For this reasonwe first partition the completedatasetusingthe class labebf the examples,into specificclass
specificdatasetsWe thenrun FSG on eachof theseclassdatasets This partitioningof the dataseensureghat suf-
ficient subgraphsrediscoveredfor thoseclasslabelswhich occurrarelyin the datasetNext, we combinesubgraphs
discoveredfrom eachof the classdataset After this stepeachsubgraphasa vectorthatcontainghe frequeng with
whichit occursin eachclass.

Focusing on the Positive Class Traditionalclassificatiorproblemsassumehattherearewell-definedpositive
andnggative classesHowever, in mary probleminstancesnvolving chemicalcompoundsndtheirrelationto certain
chemicalpropertiesandinteractionge.g., toxicity, binding strength etc), the negative classis notwell-definedor we
do not have completeinformationaboutit. Furthermoreguite ofteninsteadof a binary classificatiorsystemwe have
acontinuoussystemindicatingthe strengthof the desiredproperty

In suchcasesa betterclassificatiorcanbe obtainedby usingthe FSG algorithmto find patternsonly in chemical
compoundsof the positive class,andignore ary patternsthat were found only in the negative class. Oncethese
subgraph$iave beendiscovered,they canthenbe usedasfeaturedo describeboth positve andnegative instancesas
before. The motivation behindthis featue selectionapproachs thata structureoccurringonly in the negative class
maynotnecessarilypeagoodindicatorof theabsencef thedesiredoroperty andmayhave occurreddueto improper
samplingof the positive class.Also, anadditionaladvantageof this positive-onlysubgraphdiscovery; is thatit greatly
improvesthe computationatompleity of our approactsincewe do not needto minethe muchlargersetof negative
instances.

3.2 Learning Classification Models

Giventhefrequentsubgraphsliscoseredin the previousstep,our algorithmtreatseachof thesesubgraphsisafeature
andrepresentshe chemicalcompoundasabooleanvector Theith entryof this vectorwill beoneif thecompounds

graphcontaingheith subgraphetherwisdt will bezero.This mappingnto thefeaturespaceof frequentsubgraphss

performedbothfor thetrainingandthetestdataset. Themappingof thetrainingsetcanpotentiallybedoneefficiently

by usingthe TID-lists for eachdiscoreredsubgraphthatis outputedby FSG. However, the mappingof the testset
requiresthatwe checkeachfrequentsubgraphagainstthe graphof the testcompoundusingsubgraptisomorphism.
Fortunately the overall processcanbe substantiallyspeededip by takinginto accountthe frequentsubgrapHattice

thatis alsogeneratedby FSG. In this casewe traversethelatticefrom top to bottomandonly visit the child nodesof

asubgraphf thatsubgraphs isomorphicto the chemicalcompound.

Oncethe featurevectorsfor eachchemicalcompoundhave beenbuild, ary one of the existing classificational-
gorithmscan potentially be usedfor classification. However, the characteristicef the transformeddatasetandthe
natureof the classificatiorproblemitself tendsto limit theapplicability of certainclasse®f classificatioralgorithms.
In particular thetransformediatasetvill mostlikely be high dimensionalandsecondjt will be sparsejn thesense
thateachcompoundwill have only afew of thesefeaturesandeachfeaturewill be presenin only a few of thecom-
pounds.Moreover, in mostcasedhe positive classwill be muchsmallerthanthe negative class,makingit unsuitable
for classifierghat primarily focuson optimizingthe overall classificatioraccurag.

In our studywe usedtwo classe®f classificatioralgorithms,oneusesclassificatiorrulesandthe otherusessupport
vectormachinesthatwe believe arewell-suitedfor operatingn suchsparseandhigh-dimensionatlatasetandat the
sametime canbetunedto focuson the small positive class. The detailsof thesealgorithmsandhow they wereused

2Notethatthefrequenlsubgraphawereidentifiedby mining only the graphsof the chemicalcompoundsn thetrainingset.



for the problemof classifyingchemicalcompoundsredescribedn therestof this section.

3.2.1 Classification Rules

Our first classificationmethodusessingle featuresas ClassificationRules (CR). The primary motivation for using
sucha simpleschemewasthe factthat (i) it allowed us toevaluatethe classdiscriminatingability of the discovered
frequentsubgraphsand(ii) sucha scheméiasbeenshowvn to bewell-suitedfor problemswith smallpositive classes
[12].

For eachfeaturei discoveredby FSG, we computeits confidenceo the positive class,asfollows. Let ni+ andn;”
bethe numberof timestheith featureoccursin thetransaction®f the positive andnegative class respectiely. Then,
the confidencef theith featureto the positive classcf is definedasni“L/(ni+ + n;”). Notethatthe confidencewill be
anumberbetweerzeroandone. A value of zeromeanghatthis featurenever occursin the positive classwhereasa
valueof oneindicatesthatthis featureonly occursin the positive class.

Now, for eachexample j in thetest-setet S; be the setof featuresthatit supports.Now, our algorithmassigns
j to the positive classbasedon the confidenceo the positive classof therulesin ;. In particular we implemented
two differentschemesThefirst schemedentifiesthefeaturein S; thathasthe highestconfidencen the positive class
andassignsj to the positive classaslong asthis maximum confidenceis above acertainthreshold.Thetechniques
inspiredfrom Holte’s 1R methodg3]. The secondschemdooks at the averageconfidenceof all the featuresin Sj,
andagnin assignsj to the positive classif this averageconfidencedo the positive classis above acertainthreshold.

Note thatthe valueof the thresholdcontrolstrue positive rateof the classifierandshouldbe choserdependingon
thecostmodelof theclassifier

3.2.2 Suppor t Vector Machines

Supportvectormachineds a state-of-the-artlassificationtechniquebasedon pioneeringwork doneby Vapniketal,
[18]. Thisalgorithmis introducedo solve two-class patterrecognitionproblemsusingthe StructuralRisk Minimiza-
tion principle[18]. Givenatrainingsetin avectorspacethis methodfindsthe bestdecisionhyperplanehatseparates
two classesThe quality of a decisionhyperplands determinedy the distance(referredasmaigin) betweenwo hy-
perplaneghatareparallelto the decisionhyperplaneandtouchthe closestdatapointsof eachclass.The bestdecision
hyperplands theonewith themaximummaugin. By definingthehyperplanén thisfashion SVM is ableto generalize
to unseennstanceguite effectively. The SVM problemcanbe solved usingquadraticprogrammingechnique$18].
SVM extendsits applicability on the linearly non-separabldatasetsby eitherusingsoft mamgin hyperplanesor by
mappingthe original datavectorsinto a higherdimensionakpacen which the datapointsarelinearly separableThe
mappingto higherdimensionakpacess doneusingappropriatekernelfunctions,resultingin efficientalgorithms.A
new exampleis classifiedby representinghe pointthefeaturespaceandcomputingits distancefrom the hyperplane.

One of the advantagesof using SVM s that it allows us to directly control the costassociatedvith the miss-
classificationof examplesfrom the different classeq15]. This allow us to associatea higher costfor the miss-
classificationof positive instancesthus, biasingthe classifierto learna modelthattriesto increasehe true-positve
rate,atthe expenseof increasinghefalsepositive rate.

4 Experimental Evaluation

In this sectionwe experimentallyevaluateour approacHor classifyingchemicalcompound®n twopublicly available
chemicalcompoundiatasets.

Toxicology Dataset (PTC) This datasetvasfirst usedasa part of the Predictive Toxicology EvaluationChal-
lenge[17] which was oganizedasa part of PKDD/ECML 2001 Conferencg. It containsdatapublishedby the U.S.
Nationallnstitutefor ErvironmentalHealthSciencesthe dataconsistof bio-assay®sf differentchemicalcompounds
onrodentgo studythe carcinogenicitycanceinducing)propertiesof thecompound$17]. Thegoalbeingto estimate

3http : //www.informatik.uni — freiburg.de/ ml/ptc/



the carcinogenicityof differentcompound®n humans.Eachcompounds evaluatedon four kinds of laboratoryani-
mals(maleMice, femaleMice, male Rats,femaleRat9, andis assignedour classlabelseachindicatingthe toxicity
of thecompoundor thatanimal. Therearefour classificatiorproblemsonecorrespondingo eachof therodentsand
will bereferredasMM, FM, MR andFR.

AIDS Dataset The seconddataseis obtainedfrom the National Cancerinstitutes DTP AIDS Anti-viral Screen
program[8, 13] 4. Eachcompoundn the datasets evaluatedfor evidenceof anti-HIV activity. The screerutilizesa
solubleformazanassayto measurgrotectionof humanCEM cellsfrom HIV-1 infection [20]. Compoundsableto
provide at least50% protectionto the CEM cells were re-tested.Compoundghat provided at least50% protection
onretestwerelistedasmodeatelyactive(CM, confirmedmoderatelyactive). Compoundshatreproduciblyprovided
100% protectionwerelisted as confirmedactive (CA). Compoundseitheractive nor moderatelyactive werelisted
asconfirmedinactive (Cl). We have formulatedthreeclassificationproblemson this datasetjn thefirst problemwe
consideronly confirmedactive (CA) andmodeately active (CM) compoundsandthenbuild a classifierto separate
thesewo compoundsthis problemis referredasCA/CM For thesecongroblemwe combinemodertelyactive(CM)
andconfirmedactive(CA) compoundso form onesetof activecompoundswe thenbuild a classifierto separat¢hese
activeandconfirmedinactivecompoundsthis problemis referredas (CA+CM)/CI. In the last problemwe only use
confirmedactive (CA) andconfirmedinactivecompoundsandbuild a classifierto cateyorizethesetwo compounds;
this problemis referredasCA/Cl.

Dataset characteristics Tablel displayssomeimportantcharacteristicef thesetwo datasetslt is worth noting
that DTP-AIDSis an extremelylarge datasetontainingwell over 40,000compoundswith eachcompoundhaving
on an average45 vertices. Theright handside of the tabledisplaysthe classdistribution for differentclassification
problemsfor eachproblemthetabledisplaysthepercentagef positive classfoundin thedatasefor thatclassification
problem.

Table 1: Dataset Characteristics

Toxic Aids | ClassDist. (% +ve class)
Numberof compounds 417 | 42,687 | Toxicology
Avg. Numberof vertices 25 46 Male Mice 38.3%
Avg. Numberof edges 26 48 FemaleMice | 40.9%
Numbervertex labels 24 85 Male Rats 44.2%
Numberedgelabels 4 3 FemaleRats | 34.4%
Max. Numbervertices 106 438 | DTPAIDS
Min. Numbervertices 2 2 CA/ICM 28.1%
(CA+CM)/CI 3.5%
CA/CI 1.0%

Evaluation Methodology  Sincethe classificationproblemon boththe datasets costsensitve i.e., the misclas-
sificationcostfor eachclass labetould be different,usingaccuracy to judgea classifierwould be incorrect. To get

a betterunderstandingf the classifierperformancdor differentcostsettingswe plot the ROC curwe [16] for each
classifier ROC curwe plots the falsepositive rate (X axis) versusthe true positive rate (Y axis) of a classier;it dis-

playsthe performancef the classifierwithout regardto classdistribution or error cost. Two classifiersarecompared
by comparingtheir ROC cunes, if the ROC curve of one classifiercompletelysubsumeshe otherROC curve, then

that classifierhassuperiorperformancédor ary costmodelof the problem. Anotherqualitatve way to comparethe

performances to comparethe areaunderthe ROC curve for eachclassifier Sinceit is infeasibleto plot ROC curves

for all the classifierswve tatulatethe areaunderthe curve for eachexperimentandwherever possibledisplaythe ROC

curnve for theclassifier

4http://dtp.nci.nih.ge/docs/aids/aidslata.html
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Figure 3: ROC Curves for Different Classification Problems in Toxicology Dataset

4.1 Evaluation on Toxicology Dataset

In this sectionwe conductthreesetsof experimenton the Toxicology datasetFor eachsetof experimentsve usethe
two classifiersSVM andclassificatiorrulesfor evaluatingthe performance.

Varying the Misclassification Cost Thefirst setof experimentswvereconductedy changingthe misclassifi-
cationcostin the SVM classifierso asto associatéhighermisclassificatiorcostfor incorrectly classifyingpositive
examples.Theresultsof the experimentsusingSVM andclassificatiorrulesclassifieraredisplayedn Table2. Each
cellin thetableindicatesthe areaunderthe ROC curve for thatclassifierandmisclassificatiorcostvalue. The actual
ROC curwesfor someclassifiersaareplottedin Figure3.

Table 2: Results on the Toxicology Dataset

SupportvectorMachines

Mis. Cost MM FM MR FR
1.0 0.6992 | 0.6729 | 0.5650 | 0.5170
15 0.7333 | 0.7073 | 0.4956 | 0.5147
2.0 0.7528 | 0.7206 | 0.4833 | 0.5199
3.0 0.7723 | 0.7103 | 0.4883 | 0.5108
4.0 0.7590 | 0.6763 | 0.4860 | 0.5537
5.0 0.7314 | 0.6640 | 0.4887 | 05747
ClassificationRules

Order Crit. MM FM MR FR
Max. Conf, | 0.4242 | 0.4343 | 0.5071 | 0.4869
Avg. Conf. | 0.3634 | 0.3847 | 0.5586 | 0.5771

Fromthe resultswe seethatthe misclassificatiorcost parametedoesinfluencethe performanceof the classifier
(areaunderthe curve). However the optimal misclassificatiorcostthat achiezes maximumareaunderthe curve is



differentfor eachclassificatiorproblem. This could be explainedby the differencesn the classdistribution for each
of thefour classificatiorproblems Also, if we comparehe performancef SVM with theclassificatiorrulesclassifier

we obsenethatSVM outperformglassificatiorruleson maleMice andfemaleMice datasetandachiezescomparable
performancdor the maleRatsandfemaleRatsdataset.

Suppor t Sensitivity ~ We performeda setof experimentsto evaluatethe sensitvity of the proposedapproaches
on the value of supportthreshold(c) usedto find frequentstructures. We experimentedwith supportthresholds
of 3.0%, 5.0%, 7.0%and10.0%. Theseresultsfor the SVM andthe classificationrule basedschemesre shavn in
Table3. ThevariousSVM resultswereobtainedusinga singlemisclassificatiortostvalueof 3.0.

Table 3: Support Sensitivity on Toxicology Dataset

Classifier SupportThreshold= 3.0%
MM FM MR FR
SVM 0.7520 | 0.6649 | 0.5253 | 0.5848

CRMax. Conf. | 0.6428 | 0.5459 | 0.4985 | 0.4734
CRAvg. Conf. | 0.6486 | 0.5928 | 0.4828 | 0.5129

Classifier SupportThreshold= 5.0%
MM FM MR FR
SVM 0.7723 | 0.7103 | 0.4883 | 0.5108

CRMax. Conf. | 0.4242 | 0.4343 | 0.5071 | 0.4869
CRAvg. Conf. | 0.3634 | 0.3847 | 0.5586 | 0.5771

Classifier SupportThreshold= 7.0%
MM FM MR FR
SVM 0.7516 | 0.7264 | 0.5260 | 0.4900

CRMax. Conf. | 0.4000 | 0.4479 | 0.5079 | 0.4785
CRAvg. Conf. | 0.3541 | 0.3663 | 0.5595 | 0.5876

Classifier SupportThreshold= 10.0%
MM FM MR FR
SVM 0.7124 | 0.5827 | 0.5887 | 0.4657

CRMax. Conf. | 0.4404 | 0.5403 | 0.5032 | 0.5166
CRAvg. Conf. | 0.3476 | 0.4386 | 0.5396 | 0.5646

The performanceof all the classifiersis significantly influencedby the supportthresholdusedduring frequent
subgraptgenerationHowever, therelationshigs notuniformacrosghedifferentclassificatiorproblems We obsene
that on femaleRatsclassificationproblemwe get betterperformanceat lower valuesof supportthreshold whereas
the performanceon the male Ratsproblemimproves ashe valueof supportthresholdis increased.This variationin
performanceof differentclassificatiormodelsis in line with the obsenationsmadein [17]. This behaior suggests
thata moresophisticatedeatureselectionstratagyy, insteadof usingthe supportthresholdto selectfeatureswill lead
to evenbetterperformance.

Focusing on Positive Class Mostof thechemicalstructuredatasethiave askewed classdistribution with very
few examplesfrom the positive class.Oneway to increaseheimportanceto featuresbelongingto positive classis to
runthe FSGalgorithmonly on the exampleof positive classasoutlinedin Section3.1. Sincetherearefewer positive
classexamplesfocusingonly on the positive classdrasticallycutsdown thetime requiredto build the classifier The
resultsof our experimentsare showv in Table4. We experimentedwith different supportthresholdswhile keeping
misclassificatiorcostfixedat 3.0.

The differencein performancewhen subgraphsare discoreredonly in the positive classversuswhenthey are
discoveredin thewholedatasetis very smallfor SVM & maximumconfidenceule classifiers However, the average
confidenceule classifierdisplayssomeimprovement.

Comparison with Predictive Toxicology Challeng e Contestants  Figure4 compareghe performanceof
our classifierswith thosesubmittedoy the PTC contestantsEachplot contains containenecurve for SVM classifier
two curvesfor the ClassificationRulesclassifierand aboutthirty points, eachpoint representinghe classification
modelsubmittedby contestantsf the Predictive Toxicology Challenge.

Observingthe plotswe candeducethaton male Mice andfemaleMice problemsour SVM classifieris superiorto
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Table 4: Focusing on Positive Class Only

Classifier SupportThreshold= 5.0%
MM FM MR FR
SVM 0.7505 | 0.7130 | 0.5055 | 0.4851

CRMax. Conf. | 0.4260 | 0.4300 | 0.5052 | 0.4873
CRAvg. Conf. | 0.3952 | 0.3897 | 0.5665 | 0.6002

Classifier SupportThreshold= 7.0%
MM FM MR FR
SVM 0.7115| 0.7327 | 0.5219 | 0.4787

CRMax. Conf. | 0.4010 | 0.4469 | 0.5070 | 0.4783
CRAvg. Conf. | 0.3915| 0.3796 | 0.5749 | 0.6080

Classifier SupportThreshold= 10.0%
MM FM MR FR
SVM 0.6776 | 0.5670 | 0.5334 | 0.4995

CRMax. Conf. | 0.4462 | 0.5397 | 0.5044 | 0.5166
CRAvg. Conf. | 0.3970 | 0.4960 | 0.5469 | 0.5502

all theclassifiersubmittedoy thecontestant®ntheotherhandfor maleRatsandfemaleRatsclassificatiorproblemsa

handfulof contestantfiave their ROC pointsoutsideour ROC curwve. It shouldbenotedthatour classificatiorscheme
is basedsolely on the featuresobtainedfrom chemicalstructureand doesnot make useof any additionaldomain

specificfeatureghatcanonly improve the performance.

4.2 Evaluation on the DTP-AIDS Dataset

Table5 displaystheresultsof ourtwo classifieronthe DTP-AIDS datasetSincethe classdistribution for thetwo clas-
sificationproblemsonthe AIDS datasets quitedifferentwe have experimentedvith differentsetsof misclassification
costsfor eachdatasetFigure5 displaysthe ROC curve for someof the classifiersshavn in Tableb.

Table 5: Results on the DTP-AIDS Dataset
SupportVector Machines

Mis. Cost CA/CM | Mis. Cost (CA+CM)/CI | Mis. Cost CA/CI

1.0 0.7740 | 1.0 0.7420 | 1.0 0.86831
15 0.7802 | 1.5 0.7504 | 1.5 0.86761
2.0 0.7860 | 15.0 0.7864 | 15.0 0.90233
25 0.7816 | 35.0 0.7783 | 35.0 0.90972
3.0 0.7841 | 50.0 0.7731| 50.0 0.91220
15.0 0.7566 | 100.0 0.7468 | 100.0 0.91379

ClassificationRules
OrderCrit. | CA/ICM | OrderCrit. | (CA+CM)/CI | OrderCrit. CA/CI
Max. Conf. 0.6702 | Max. Conf. 0.6310 | Max. Conf. | 0.69735
Avg. Conf. 0.6611 | Avg. Conf. 0.6017 | Avg.Conf. | 0.67681

We find that the resultsof the SVM classifieron the AIDS datasetare significantly betterthat thoseobtained
by the ClassificationRulesscheme.The misclassificatiorcostparameteusedin SVM classifierdoesinfluencethe
performanceof the classifier especiallythe shapeof the ROC curwve; with eachproblemhaving a differentoptimal
valueof the misclassificatiorcost. Comparingthe performanceacrosshe threeclassificatiornproblems we find that
the performanceon the CA/Cl problemis betterthanperformanceon the problemsCA/CMandCA+CM/CI.

High Confidence Subgraphs We now presentfrequentsubgraphghat have high confidenceon the positive
class.Figure6 displaysthe top 5 highestconfidencesubgraphsliscoveredfor threeclassificationproblemsCA/CM,
(CA+CM)/ClandCA/CI.

5 Conclusion & Future Work

In this paperwe presentan automatedschemefor classifyingchemicalcompounds.The highlights of our scheme
arethatit requiresvery little domainknowledgeand caneasily handlelarge chemicalcompounddatasetsWe have
evaluatedour schemeon two datasetandwe shav that for someclassificationproblemsour classifieroutperforms
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Figure 4: Comparison of graph classification schemes with other contestants of PTC, each plot displays the result for SVM and
two Classification rule based schemes.

the contestantsf Predictve Toxicology Challenge.

We feel that sincethe performanceof the classifiervariesa lot with respecto the supportthreshold,andto some
extent how frequentsubgraphsare discovered,a sophisticatedeatureselectionschemecan leadto substantiaim-
provementsin the performance.Anotherway to improve the performanceof the classifieris to extendthe feature
spacewith well known non-graphicafeatures.
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